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multinomial logistic regressionon soil and terrain information atpilot sites in theNorthwesternCoastal
region of Egypt. The aim is to reproduce the original map and predict soil distribution in the adherent
landscape. Reference soil maps produced by conventional methods at Omayed and Nagamish areas
were used. Spectral and terrain parameters were calculated and logit models of the soil classes were
developed. Predicted soil classes’ maps were produced. Software’s IDRISI/SAGA/SATISTCA/SPSS
were used. The terrain and spectral parameters were found to be signiﬁcantly inﬂuential and the selec-
tion of the land surfaces predictors was satisfactory. The McFadden pseudo R-squares ranged from
0.473 to 0.496. The most signiﬁcant terrain parameters inﬂuencing the spatial distribution of the soil
classes were elevation, valley depth,multiresolution ridgetop ﬂatness index,multiresolution valley-bot-
tomﬂatness index, and SAGAwetness index.However, themost inﬂuential spectral parameters are the
ﬁrst two principal components of the sixLandsatEnhancedThematicMapper bands. The overall accu-
racy of the predicted soilmaps ranged from72%to 74%with aKappa Index ranging from0.62 to 0.64.
The developed probability models were successfully used to predict the spatial distribution of the soil
mapping units at pixel resolutions of 28.5 m · 28.5 m and 90 m · 90 m at adjacent unvisited areas at
Matrouh and Alamin. The developed methodology could contribute to the allocation and to the soil
digital mapping and management of new expansion sites in remote desert areas of Egypt.
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lsevier1. Introduction and background
Based on soil mapping activities of the Soil and Water Re-
search Institute of the Agricultural Research Center 1955–
1964 (FAO, 1964, 1970; Ahmed, 1995), of the soil map of
Egypt (Hamdy, 1982), and of the Land Master Plan
(GARPAD, 1986) we concluded that only 10% of the total
area of Egypt has been systematically mapped. Cadastral
maps, topographic maps, and aerial photographs were used
to produce hard copies soil maps and soil potentiality maps
at 1:100,000 and 1:200,000 scales. From these studies only
30 F.H. Abdel-Kader1% of the total area of Egypt was selected to be surveyed at a
scale of 1:50,000. Based on existing geological and soil map-
ping data, and considering the FAO taxonomy (FAO-UNE-
SCO, 1977; Abdel-Kader and Bahnassy, 2001; FAO, 2003),
paper and digital soil maps for Egypt at 1:10,00,000 and
1:100,000 scales were developed using RS/GIS techniques.
The increasing demand for new land in Egypt necessitates
intensive soil mapping activities throughout the unmapped
90% of the total area of Egypt at a scale of 1:25,000 and
1:50,000. As traditional soil surveys at these scales are expen-
sive and time-consuming, there is a growing need for consider-
ing digital soil mapping (DSM) concept in Egypt. Digital soil
mapping is a spatial soil information system created by numer-
ical models that account for the spatial and temporal varia-
tions of soil properties based on soil information and related
environmental variables (Lagacherie et al., 2006). Remotely
sensed data as well as geo-statistical models are the basic tools
of DSM to speed-up and reﬁne soil mapping. Maps generated
using DSMmay be adequate for extrapolating soil distribution
information to areas where no comprehensive soil map is avail-
able, but where reference soil maps representing soil diversity
and distribution in such regions do exist. The most frequent
statistical model used for spatial prediction of soil categorical
classes is the multinomial logistic regression model.
The objective of this research is to examine the DSM ap-
proach for the production of soil maps using multinomial lo-
gistic regression on soil and terrain information from pilot
areas in the Northwestern Coastal region of Egypt. The main
goal of this study is to use digital elevation model (DEM) and
training soil data from conventionally made soil maps to mod-
el the relationship between soil map units and topographic fea-
tures and spectral attributes so that a model could be used to
predict the spatial distribution of the soil groups using spa-
tially continuous likelihood values. Reference soil maps pro-
duced by conventional methods were used to reproduce the
original map and predict soil distribution in the adherent land-
scape. Relevant parameters derived from Land Enhanced The-
matic Mapper (ETM) image and a Shuttle Radar Topographic
Mission (SRTM) DEM were considered including: elevation,
multiresolution valley bottom ﬂatness index, multiresolution
ridgetop ﬂatness index, valley depth, Mid-Slope Position,
catchment slope, slope gradient, SAGA wetness index, grainFigure 1 Training and prediction areas at Omsize index, carbonate index and the ﬁrst and second principal
components of six ETM bands. The logit models of the soil
classes, as expressed by the spectral and terrain attributes, were
calculated to predict soil class maps. Software’s IDRISI/
SAGA/SATISTCA/SPSS were used. The accuracy of the pre-
dicted soil maps was determined by using error matrices where
map accuracy indicators were calculated. The probability
models were then used to predict the spatial distribution of
the soil classes at adherent unvisited sites. Training areas at
Omayed and Nagamish in northwest coast (NWC) were used.
Predicted digital soil maps with pixel resolutions of
90 m · 90 m and 28.5 m · 28.5 m for the regional adherent
areas at Alamin and Matrouh were processed.
2. Materials and methods
2.1. Study area
The northwest coast of Egypt extends over 350 km from west
of Alexandria to the Libyan border and the 120,000 strong
population are mainly Bedouin. The area is 1427,898 ha
(Abdel-Kader, 2009), out of which only 988,198 ha (69%) were
surveyed at 1:100,000 and 11,208 ha (7.75%) were surveyed at
1:50,000 scale (FAO, 1970; GARPAD, 1986). The soils are
mainly Torripsamments, Torriorthents and Calci/Paleorthids
(FAO, 1970). Human settlements and land use are entirely
dependent on rainfall and on various forms of water harvest-
ing. Annual rainfall is restricted to the winter months and to
a narrow 20 km strip along the coast where the 60 year average
at Matrouh is 144 mm with coefﬁcient of variance 45%. Poten-
tially productive areas in terms of runoff accumulation and
soils are concentrated within 218 wadis and depressions
(FAO, 1970; Abdel-Kader et al., 2005). For the present study
two representative sites were considered to include training
and prediction areas at Omayed–Alamin, west of Alexandria,
and at Naghamish, east of Matrouh (Fig. 1).
2.2. Data sources
2.2.1. Soil data
2.2.1.1. Omayed–Alamin. Soil map of a representative area at
Omayed at a grid resolution of 60 m where six soil mappingayed–Alamin, and at Naghamish–Matrouh.
Table 1 Omayed soil mapping units.
Mapping unit Description Area
Hectares %
MU1 Deep, sandy to sandy loam, non-saline (Typic Haplocalcids) 12309.57 20.68
MU2 Deep, sandy to sandy loam, moderately saline (Typic Haplogypsids) 3606.12 6.05
MU3 Deep, sandy, non-saline (Typic Torripsamments) 14669.10 24.65
MU4 Complex of shallow, sandy, non-saline to very saline (Typic Torriorthents) 18681.84 31.39
MU5 Stony ridge 10253.79 17.23
Total 59520.42 100.00
Table 2 Soil mapping units, Naghamish–Matrouh.
Mapping unit Description Area
Hectares %
MU1 Rock outcrop 3590.67 5.40
MU2 Very shallow sand to loamy sand non-saline to Sl. saline (Lithic Torripsamments) 6102.06 9.18
MU3 Very shallow sandy loam to loam non-saline to slightly saline (Lithic Torriorthents) 32257.85 48.55
MU4 Shallow sandy to loamy sand non-saline to moderately saline (Lithic Torripsamments) 13095.36 19.71
MU5 Shallow sandy loam to loam non-saline to moderately deep saline (Lithic Torriorthents) 7174.27 10.80
MU6 Moderately deep sand to loamy sand non-saline to moderately saline (Typic Torripsamments) 1132.26 1.70
MU7 Moderately deep sand loam to loam non-saline moderately saline (Typic Torriorthents) 2606.62 3.92
MU8 Deep sand to loamy sand non-saline (Typic Torripsamments) 348.11 0.52
MU9 Deep sandy loam non-saline (Typic Torriorthents) 140.25 0.21
Total 66447.45 100.00
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the landform units (Abdel-Kader et al., 2005).
2.2.1.2. Naghamish–Matrouh. Soil map of Wadi Naghamish,
East of Matrouh at a grid resolution of 28.5 m where nine
main soil mapping units (Fig. 1 and Table 2) were identiﬁed
based on visual interpretation of SPOT PAN and XS images,
DEM as well as on ﬁeld and lab data (soil depth, texture and
salinity) (Abdel-Kader et al., 2004).
2.2.2. Environmental ancillary data
2.2.2.1. Land ETM image. It consists of six 28.5 m bands: Band
1 (B, 0.45–0.52), Band 2 (G, 0.53–0.61), Band 3 (R, 0.63–0.69),
Band 4 (NIR, 0.78–0.90), Band 5 (MIR, 1.55–1.75), Band 7
(MIR2, 2.09–2.35) (GLCF, 2006).
2.2.2.2. Digital elevation models (DEMs). DEM25––25 m
DEM derived from the topographic maps 1:25,000.
DEM90––90 m DEM from the SRTM mission CGIAR,
2005; Jarvis et al., 2006).
All dataset layers were projected to 28.5 m · 28.5 m pixel
resolution at Naghamish–Matrouh or 90 m · 90 m pixel reso-
lution at Omayed–Alamin and the same reference system, i.e.
WGS 84 UTM 35N.
2.3. Extraction of land surface parameters
2.3.1. Digital image processing
Considering the pedogenesis of the studied areas following ﬁve
soil-related indices using IDRISI (Clark Labs, 2009) were pro-
cessed (Table 3):1. Carbonate index (CAI) = (b3/b2), Roecker et al. (2009).
2. Grain size index (GSI) = (b3  b1)/(b1 + b2 + b3), Xiao
et al. (2006).
3. Gypsic index (GYI) = (b5  b4)/(b5 + b4), Nield et al.
(2007).
4. Principal components of the six ETM bands: PC1, PC2.
2.4. Digital terrain analysis
Artiﬁcial depressions were removed from the DEM using the
method by Planchon and Darboux (2001). The primary and
secondary terrain attributes were derived from the smoothed
DEM using SAGA (Boehner et al., 2006; Bock et al., 2008).
Land surface parameters that are relevant to the mapping
objectives, study area characteristics and scale of application
were considered. As the study areas under consideration are
of high relief, representative DEM parameters that can explain
hydrological, climatic and morphological properties of a ter-
rain were derived that were included: elevation, multiresolu-
tion valley bottom ﬂatness, multiresolution ridgetop ﬂatness
index, slope gradient, catchment slope, Mid-Slope Position,
SAGA wetness index and valley depth (Table 3).
2.5. Statistical modeling
2.5.1. Variable Screening
Considering the soil groups as categorical dependent variables
and the terrain attributes as quantitative predictors, the statis-
tical model used in this study was multinomial logistic regres-
sion. The selection of the continuous quantitative land surface
Table 3 Land surface parameters used for spatial prediction by the multinomial logistic regression model.
Land surface parameters Deﬁnition Reference/source
Basic Elevation Height above sea level (m) Topo-DEM SRTM-DEM
Slope gradient (SG) Downward gradient (%) SAGA
Hydrologic SAGA ﬂow accumulation (FA) Iteratively modiﬁed upslope catchment
area (m2)
SAGA
Catchment slope (CS) Average gradient above ﬂow path (%) Gallant and Wilson (2000)
SAGA
Mid-Slope Position Calculates the extent that each point
similar to a ridge or valley position as
values 0 through 100
Bohner and Antonic (2009)
SAGA
Multiresolution valley-bottom
ﬂatness index (MRVBF)
Measure of ﬂatness and lowness Gallant and Dowling (2003)
SAGA
Multiresolution ridgetop ﬂatness
index (MRRTF)
Measure of ﬂatness and upness Gallant and Dowling (2003)
SAGA
SAGA wetness index ln (FA/SG) SAGA
Valley depth m Meters SAGA
Multispectral
imagery, enhanced
thematic mapper
(ETM)
Bands 1, 2, 3, 4, 5, 7 Path 178 row 38, Path 179 row 39 L7,
July 6th 2000
GLCF (2006)
Carbonate index (b3/b2) Roecker et al. (2009)
Grain size index (GSI) (b3  b1)/(b1 + b2 + b3) Xiao et al. (2006)
Gypsic index (b5  b4)/(b5 + b4) Nield et al. (2007)
Principal components of six
ETM bands
PC1, PC2
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proach (Kempen et al., 2009) based on the pedogenesis of
the northwest coastal zone gained throughout several studies
(i.e. Abdel-Kader et al., 2004, 2005; Abdel-Kader and Yacoub,
2009). To assess the signiﬁcant importance of the parameters
the raster soil categories and predictors layers were exported
to SATISTCA7 (StatSoft Inc., 2007) where Feature Selection
and Variable Screening module was used. A list of land surface
parameters was computed from the respective Chi-square val-
ues and sorted in ascending order by P.
2.5.2. Univariate analysis
The SATISTCA ﬁle was saved as SPSS ﬁle. Univariate analy-
sis was performed using SPSS Statistics 17.0 (SPSS Inc., 2008).
2.5.3. Regression analysis
2.5.3.1. The logistic model. The logistic model belongs to the
family of generalized linear models and is used when the re-
sponse variable is a categorical variable (Clark Labs, 2009).
The logit is the logarithmic function of the ratio between
the probability that a pixel is a member of a class (P) divided
by the probability that it is not (1  P). Its value can be di-
rectly predicted from the predictor values through regression
as:
Logiti ¼ lin Pi
1 Pi ¼ aþ b1X1þ b2X2þ    þ bnXnþ  ð1Þ
The equation shows how to calculate the logit of a category,
e.g. soil class i, predicted from a number of quantitative factors
X1, . . . , n, e.g. terrain attributes. The ‘a’ indicates the intercept
of the regression curve, the ‘b’s are the coefﬁcients of each pre-
dictor, and e represents random and systematic (if any) error.
From this equation it is possible to derive:
Pi ¼ e
aþb1X1þb2X2þþbnXn
1þPm11 eaþb1X1þb2X2þþbnXn
þ  ð2ÞThis equation is used to predict the probability P that a soil
class i is present at a pixel given the levels of the terrain attri-
butes X1, X2, . . . , Xn, by dividing the logit of i to that of the
total sum of the logits of all other soil classes (except the refer-
ence category) plus unity (Menard, 2000, 2002). One of the
classes, often the ﬁrst/last in the list is considered as reference
and its logit is not estimated. However, its probability of exis-
tence is given as:
Pr ¼ 1
1þPm11 eaþb1X1þb2X2þþbnXn
þ  ð3Þ
The values of the ‘a’ and the ‘b’s have to be determined for
each soil class based on empirical data i.e. land surface param-
eters data. Once the values have been estimated with statistical
signiﬁcance, Eqs. (2) and (3) can be integrated into a GIS tool
to map the probability that a given soil class i is found at a gi-
ven pixel based on the values of the terrain attributes X1 . . . n.
Eq. (3) is used to predict the probability of the reference
category.
2.5.3.2. Multinomial logistic regression analysis. Multinomial
logistic regression analysis was carried using NOMREG mod-
ule of SPSS Statistics 17.0 (SPSS Inc., 2008). In IDRISI,
MULTILOGISTICREG was performed to analyse and visual-
ize predicted images. To reduce the multicolinearity effect
within the predictor’s variables principal component analysis
was run in IDRISI and then, instead of using the original pre-
dictors, the transformed components were used that are abso-
lutely independent The principal components analysis (PCA) is
an orthogonal transformation of n-dimensional image data
that produces a new set of images (components) that are
uncorrelated with one another and ordered with respect to
the amount of variation (information) they represent from
the original image set. PCA is typically used to uncover the
underlying dimensionality of multi-variate data by removing
Figure 2 Signiﬁcance of importance of selected land surface
predictors at Omayed (SATISTCA Variable Screening; 10v by
73564c).
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(Eastman, 2009). Before deriving the predictive components,
all input raster layers were linear stretched to the same binary
scale (0–255 values) (Hengl, 2007). The multinomial logistic
regression (NOMREG) module of the SPSS was chosen since
the dependent variable had more than two categories. One of
the soil groups, the ﬁrst or last was randomly deﬁned as refer-
ence category. The Chi-square based maximum likelihood ra-
tio test was used to evaluate the ﬁtness of the overall modelTable 4 Model ﬁtting information, pseudo R-square for estimation
Model ﬁtting information
Model Model ﬁtting criteria
2 log likelihood
Intercept only 2.197E5
Final 1.157E5
Goodness-of-ﬁt
Pearson
Deviance
Pseudo R-square
Cox and Snell 0.760
Nagelkerke 0.799
McFadden 0.473
Table 5 The signiﬁcance of each terrain attribute in the overall mo
ratio tests).
Eﬀect Model ﬁtting criteria
2 log likelihood of reduced mode
Elevation 1.328E5
MRRTF 1.255E5
MRVBF 1.182E5
PC1 1.172E5
Gypsic index 1.170E5
Grain size index 1.167E5
Slope 1.166E5
PC2 1.162E5
SAGA wetness index 1.162E5
Intercept 1.161E5
Carbonate index 1.159E5(Menard, 2002). This statistic tests if the difference between
the model prediction and the observed values is minimized en-
ough for the model to ﬁt. The signiﬁcance of the regression
coefﬁcient of each predictor variable for each dependent vari-
able was evaluated using the likelihood statistic.
2.6. Accuracy assessment
ERRMAT of IDRISI was used to compare the original soil
units images with the predicted ones for the purpose of accu-
racy assessment. ERRMAT creates an error matrix that tabu-
lates the different predicted classes to which original soil units
truth cells have been assigned. Output also includes producer’s
accuracy, user’s accuracy, errors of omission and commission,
an overall error measure, and a Kappa Index of Agreement
(KIA).
2.7. Predictive maps for adhered unvisited sites
The land surface predictors for the unvisited sites were pro-
cessed according to the methods of the sample sites. Based on
unvisited land surface predictors, the probability models of
the sample site soil groups (Eqs. (2) and (3)) were fed into the
raster calculator of IDRISI to produce a map showing the
probability of existence at each pixel for each soil class at ad-
hered unvisited sites. RECLASS/MDCHOICE of IDRISI
was used to produce ﬁnal predictive maps for adhered unvisited
sites.of probabilities of occurrence of soil mapping units at Omayed.
Likelihood ratio tests
Chi-square df Sig.
1.040E5 40 0.000
1.374E7 291,324 0.000
115668.559 291,324 1.000
del_Omayed multinomial logistic regression analysis: (likelihood
Likelihood ratio tests
l Chi-square df Sig.
1.715E4 4 0.000
9.852E3 4 0.000
2.487E3 4 0.000
1.538E3 4 0.000
1.367E3 4 0.000
1.036E3 4 0.000
968.705 4 0.000
524.972 4 0.000
542.840 4 0.000
472.496 4 0.000
205.011 4 0.000
Table 6 Parameter estimates of probabilities of occurrence of soil mapping units _ Omayed. The reference category: MU5, df = 1.
Eﬀect Model intercepts’ a and logistic regression (logit) coeﬃcients’ b
MU1 MU2 MU3 MU4
Intercept 18.351** 45.856** 25.749** 21.545**
Carbonate index 2.829 16.309** 7.135** 11.347**
Grain Size index 41.513** 113.982** 89.489** 74.177**
Gypsic index 42.628** 36.564** 19.423** 82.937**
PC1 0.057** 0.099** 0.079** 0.071**
PC2 0.061** 0.000 0.029** 0.073**
Elevation 0.182** 0.909** 0.153** 0.157**
MRVBF 0.227** 0.240** .344** 0.788**
MRRTF 0.705** 0.928** .355** 1.120**
Slope 0.347** 1.041** 0.324** 0.463**
SAGA wetness index 0.078** 0.107** 0.054** 0.04**
** P< 0.01.
Figure 3 Predicted versus original soil map of Omayed.
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3.1. Omayed–Alamin
3.1.1. Signiﬁcance of importance of selected land surface
predictors
The Variable Screening analysis sorted the signiﬁcance
(P< 0.001) of importance of predictors in the following
descending order: 06 elevation, 07 multiresolution valley bot-
tom ﬂatness index (MRVBF), 08 multiresolution ridgetop ﬂat-
ness index (MRRTF), 09 slope gradient 010 SAGA wetness
index (SWI), 04 PC1, 05P, 02 grain size index (GSI), 01 carbon-
ate index and excluded 03 Gypsic index (Fig. 2). The one-way
analysis of variance (ANOVA) proved signiﬁcant differences
between means of the predictors variables (P= 0.000).
3.1.2. The land surface predictors relations as modeled by
logistic regression
The overall multinomial logistic model was found to be signif-
icantly ﬁt at P< 0.01. Table 4 gives the model ﬁtting informa-
tion for estimation of probabilities of occurrence of soil
mapping units at Omayed. The McFadden pseudo R-squareis 0.473. The McFadden pseudo R-square measures the reduc-
tion in maximized log-likelihood. It is conceptually and math-
ematically close to the ordinary least squares R-square
(Menard, 2000). A McFadden pseudo R-square of 1 indicates
a perfect ﬁt, whereas a pseudo R-square equal to 0 indicates no
relationship. Clark and Hosking (1986) comment that a
‘McFadden Pseudo R-square’ greater than 0.2 can be consid-
ered a relatively good ﬁt. Table 5 further shows that the most
signiﬁcant terrain and spectral attributes in inﬂuencing the spa-
tial distribution of the soil classes were found to be: elevation,
multiresolution ridgetop ﬂatness index (MRRTF),
Multiresolution valley bottom ﬂatness (MRVBF), PC1,
Gypsic index, grain size index, Slope, PC2, SAGA wetness in-
dex and carbonate index, in descending order. In fact all of the
terrain and spectral attributes were found to be signiﬁcantly
inﬂuential that the selection of the land surfaces predictors is
satisfactory.
3.1.3. Spatial prediction of the soil groups and its performance at
Omayed
With the reference category MU5 Table 6 indicates multiple
logistic regressions for estimation of probabilities of occurrence
Figure 4 Predicted soil map of Alamin area at 90 m pixel
resolution.
Table 7 Producer’s, user’s and overall accuracy and Kappa Index of Agreement of the ﬁeld surveyed soil map with predicted soil
classes at Omayed.
Category Producer’s accuracy % User’s accuracy % Kappa Index of Agreement (KIA)
Using predicted soil classes as
the reference image
Using the ﬁeld surveyed
soil map as the reference image
MU1 42.77 59.62 0.4909 0.3280
MU2 97.05 67.10 0.6497 0.9677
MU3 70.64 73.61 0.6498 0.6155
MU4 81.62 74.24 0.6246 0.7194
MU5 83.32 79.43 0.7515 0.7965
Overall accuracy 72.11
Overall Kappa 0.6360
Figure 5 Signiﬁcance of importance of selected land surface
predictors at Naghamish (SATISTCA Variable Screening; 14v by
817 725 c).
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predictive soil map versus the training original soil map at
Omayed at 1:90,000 scale (90 m pixel resolution).
3.1.4. Evaluating the reproducibility of the original soil map at
Omayed
Table 7 gives error matrices comparing the ﬁeld surveyed soil
map (columns: truth) with multinomial predicted soil classesTable 8 Areas of the predicted mapping units of Alamin.
Mapping unit Description
MU1 Deep, sandy to sandy loam, non-saline (Typic
MU2 Deep, sandy to sandy loam, moderately saline
MU3 Deep, sandy, non-saline (Typic Torripsamment
MU4 Complex of shallow, sandy, non-saline to very
MU5 Stony ridge
Total(rows: predicted) at Omayed training area. The overall accu-
racy was 72.11% with Kappa Index = 0.64.
3.1.5. Spatial prediction of thesoil mapping units of Alamin area
Fig. 4 and Table 8 give the predictive map at 1:90,000 scales
(90 m pixel resolution) and mapping units areas for adhered
unvisited sites of Alamin area. The data indicated that Alamin
region includes deep, sandy to sand loam, non-saline calcare-
ous soils (Typic Haplocalcids) that comprised 12% of the area
and deep, sandy to sandy loam, moderately saline gypsiferous
soils (Typic Haplogypsids) that comprised 20% of the area.
The deep, sandy, non-saline soils (Typic Torripsamments)
comprises 29% of the area, whereas complex of shallow,Area
Hectares %
Haplocalcids) 21433.41 12.27
(Typic Haplogypsids) 35853.03 20.54
s) 50882.58 29.15
saline (Typic Torriorthents) 44964.72 25.76
21443.13 12.28
174576.87 100.00
Table 9 Model Fitting Information, Pseudo R-square for estimation of probabilities of occurrence of soil mapping units at
Magamish.
Model ﬁtting information
Model Model ﬁtting criteria Likelihood ratio tests
2 log likelihood Chi-square df Sig.
Intercept only 2.494E6
Final 1.258E6 1.235E6 104 0.000
Goodness-of-ﬁt
Pearson 5.401E30 65,41,688 0.000
Deviance 1259083.197 65,41,688 1.000
Pseudo R-square
Cox and Snell 0.779
Nagelkerke 0.818
McFadden 0.496
Table 10 The signiﬁcance of each terrain attribute in the overall model_Nagamish (likelihood ratio tests).
Eﬀect Model ﬁtting criteria Likelihood ratio tests
2 log likelihood of reduced model Chi-square df Sig.
FDEMM 1.362E6 1.043E5 8 0.000
PC2 1.314E6 5.635E4 8 0.000
WINDEX 1.311E6 5.284E4 8 0.000
VDEPTH 1.300E6 4.221E4 8 0.000
MRRTF 1.297E6 3.940E4 8 0.000
PC1 1.289E6 3.073E4 8 0.000
MSPOSITON 1.286E6 2.797E4 8 0.000
Intercept 1.282E6 2.372E4 8 0.000
GYI 1.273E6 1.491E4 8 0.000
MRVBF 1.273E6 1.520E4 8 0.000
SLOPE 1.264E6 5.801E3 8 0.000
GSI 1.261E6 2.731E3 8 0.000
CAI 1.260E6 2.365E3 8 0.000
CSLOPE 1.260E6 1.741E3 8 0.000
The Chi-square statistic is the difference in 2 log-likelihoods between the ﬁnal model and a reduced model. The reduced model is formed by
omitting an effect from the ﬁnal model. The null hypothesis is that all parameters of that effect are 0.
Table 11 Parameter estimates of probabilities of occurrence of soil mapping units _ Nagamish. The reference category: MU1, df = 1.
Eﬀect Model intercepts’ a and logistic regression (logit) coeﬃcients’ b
MU2 MU3 MU4 MU5 MU6 MU7 MU8 MU9
Intercept 18.63** 5.48** 15.5** 28.7** 9.75** 13.6** 8.24** 12.05**
CAI 0.857 3.39** 4.31** 2.95** 8.80** 0.499 7.77** 0.931
GSI 1.894 9.62** 14.8** 4.05** 3.492 43.3** 10.5** 29.1**
GYI 27.5** 20.5** 53.9** 15.5** 47.7** 13.98** 75.3** 16.9**
PC1 0.006** 0.067** 0.033** 0.059** 0.004** 0.006** 0.028** 0.019**
PC2 0.072** 0.133** 0.222** 0.020** 0.247** 0.196** 0.272 0.105**
FDEM 0.090** 0.049** 0.102** 0.138** 0.075** 0.027** 0.130 0.120**
MPOSITON 2.303** 1.72** 5.61** 1.58** 0.685** 0.733** 1.015 3.875**
MRVBF 0.158** 0.404** 0.206** 0.589** 0.747** 0.014** 0.197 0.457**
MRRTF 0.670** 0.561** 1.03** 0.573** 0.692** 0.382** 0.871 0.195**
WINDEX 0.344** 0.768** 0.959** 1.09** 0.537** 0.093** 0.482 0.449**
VDEPTH 0.314** 0.317** 0.268** 0.183** 0.381** 0.275** 0.330 0.260**
SLOPE 8.266** 47.4** 37.1** 32.704 8.78** 18.9** 37.066 33.22**
CSLOPE 1.656 21.3** 15.0** 12.548 4.99** 13.838 14.705 0.397**
** P< 0.01.
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Figure 6 Predicted versus original soil map of Naghamish.
Table 12 Producer’s, user’s and overall accuracy and Kappa Index of Agreement of the ﬁeld surveyed soil map with predicted soil
classes at Naghamish
Category Producer’s accuracy % (PA) User’s accuracy % (UA) Kappa Index of Agreement (KIA)
Using predicted soil classes
as the reference image
Using the ﬁeld surveyed
soil map as the reference image
MU1 76 68.90 0.6713 0.7465
MU2 62 52.00 0.4715 0.5766
MU3 88.5 83.84 0.6859 0.7650
MU4 68 70.23 0.6292 0.6064
MU5 53 58.55 0.5354 0.4842
MU6 12 40.02 0.3898 0.1250
MU7 31.5 62.39 0.6085 0.3018
MU8 11.67 34.27 0.3392 0.1151
MU9 3.18 19.10 0.1893 0.0315
Overall accuracy 73.5651
Overall Kappa 0.6161
Digital soil mapping at pilot sites in the northwest coast of Egypt 37sandy, non-saline to very saline soils (Typic Torriorthents)
comprises 25%. The stony ridges comprise 12% of the Alamin
area.
3.2. Naghamish–Matrouh
3.2.1. Signiﬁcance of importance of selected land surface
predictors
The Variable Screening analysis sorted the signiﬁcance
(P< 0.001) of importance of predictors in the following
descending order: elevation, multiresolution valley bottom ﬂat-
ness index (MRVBF), multiresolution ridgetop ﬂatness index
(MRRTF), slope gradient, SAGA wetness index (SWI), PC1,
PC2, carbonate index and excluded Gypsic and Grain Size
Indices (Fig. 5). The one-way analysis of variance (ANOVA)
proved signiﬁcant differences between means of the predictors
variables (P= 0.00).3.2.2. The land surface predictors relations as modeled by
logistic regression
The overall multinomial logistic model at Naghamish was
found to be signiﬁcantly ﬁt at P< 0.01. Table 9 gives model
ﬁtting information and pseudo R-square. McFadden Pseudo
R-square value of 0.496 could be considered a relatively good
ﬁt (Clark and Hosking, 1986). Table 10 further shows that the
most signiﬁcant terrain and spectral attributes in inﬂuencing
the spatial distribution of the soil classes at Nagamish were
found to be: elevation (FDEM), principal component 2
(PC2), SAGA wetness index (WINDEX), valley depth
(VDEPTH), multiresolution ridgetop ﬂatness index
(MRRTF), principal component 1 (PC1), Mid-Slope Position
(MPOSITON), intercept, Gypsic index (GYI), multiresolution
valley bottom ﬂatness (MRVBF), Slope (SLOPE), grain size
index (GSI) and catchment slope (CSLOPE) in descending or-
der. These sets of best predictors are related to long-term
Figure 7 Predicted soil map of Matrouh at 28.5 m pixel
resolution.
38 F.H. Abdel-Kaderknown relationships between soil-forming factors, landform,
and soil distribution, which relate soil distribution to erosion
processes in steep areas and with water dynamics, and water
movement and accumulation in the low depression areas
(Giasson et al., 2008).
The most inﬂuential spectral attributes are the ﬁrst two
principal components of the six Landsat Enhanced Thematic
Mapper bands. The ﬁrst component accounts for brightness
variation among surface samples and generally correlates well
with sand content (Palacios-Oureta and Ustin, 1998) while the
second component most often represents variation in vegeta-
tive cover (Thiam, 1997). In fact all of the terrain and spectral
attributes were found to be signiﬁcantly inﬂuential that the
selection of the land surfaces predictors is reliable and
satisfactory.
3.2.3. Spatial prediction of the soil groups and its performance at
Nagamish
Table 11 gives parameter estimates for estimation of probabil-
ities of occurrence of soil mapping units and the signiﬁcance of
each terrain attribute in the overall model. The reference cate-
gory: MU1. Fig. 6 gives the predictive soil map versus the ﬁeldTable 13 Areas of the predicted mapping units map for adhered u
Mapping units Description
MU1 Rock outcrop
MU2 V Sh. sand to loamy sand non-saline to Sl. salin
MU3+MU5 V. Sh. sandy loam to loam non-saline to Sl. sali
MU4+MU6 Sh. sandy to loamy sand non-saline to mod. sali
MU7 Mod. deep sand loam to loam non-saline to mo
MU8 Deep sand to loamy sand non-saline (Typic Tor
MU9 Deep sandy loam non-saline (Typic Torriorthen
Totalsoil map at Nagamish at 1:30,000 scale (28.5 m pixel
resolution).
3.2.4. Evaluating the reproducibility of the original soil map at
Nagamish
Table 12 gives producer’s accuracy % (PA), user’s accuracy %
(UA) and Kappa Index of Agreement of the ﬁeld surveyed soil
map (columns: truth) with multinomial predicted soil classes
(rows: predicted) at Nagamish training area. The overall accu-
racy is 73.56% with Kappa Index = 0.62. Overall accuracy
and Kappa Index were considered satisfactory, as they are in
the same magnitude that values found by Giasson et al. (2008).
3.2.5. Spatial prediction of the soil mapping units of Matrouh
area
Fig. 7 gives the predictive map for adhered unvisited sites of
East Matrouh area. Table 13 gives the areas of the predictive
mapping units map at 1:30,000 scales (28.5 m pixel resolution)
for adhered unvisited sites at Matrouh area. The data indi-
cated that Matrouh region included shallow sandy non- to
moderately-saline soils (Lithic Torripsamments) that com-
prised 52% of the area and non- to moderately-saline soils
deep sandy loam to loam soil (Typic Torriorthents) that com-
prised 13% of the area. The rocky outcrops comprise 35% of
the Matrouh region.
4. Conclusion
1. The terrain and spectral attributes were found to be signif-
icantly inﬂuential that the selection of the land surfaces pre-
dictors was satisfactory. The model ﬁtting information for
estimation of probabilities of occurrence of soil mapping
units at study sites indicates that the McFadden pseudo
R-squares ranged from 0.473 to 0.496.
2. The most signiﬁcant terrain attributes in inﬂuencing the
spatial distribution of the soil classes were found to be ele-
vation, valley depth, multiresolution ridgetop ﬂatness
index, multiresolution valley bottom ﬂatness and SAGA
wetness index. However, the most inﬂuential spectral attri-
butes are the ﬁrst two principal components of the six
Landsat Enhanced Thematic Mapper bands.
3. With speciﬁc reference categories, the multiple logistic
regressions estimated the probabilities of occurrence of soil
mapping units at NWC sample areas. Logit equations were
successfully achieved with signiﬁcant intercepts and b val-
ues where predictive soil maps were compiled.nvisited sites of Matrouh area.
Area
Hectares %
91758.42 34.9879
e (Lithic Torripsamments) 33713.25 12.855
ne (Lithic Torriorthents) 60398.16 23.0301
ne (Lithic Torripsamments) 42880.69 16.3506
d. saline (Typic Torriorthents) 9970.59 3.8018
ripsamments) 5411.83 2.0636
ts) 18124.67 6.911
262257.60 100.00
Digital soil mapping at pilot sites in the northwest coast of Egypt 394. The overall accuracy of the predicted soil maps ranged
from 72% to 74% with Kappa Index ranged from 0.62 to
0.64. The reproducibility of the original soil maps was
undependable on the map resolution of the soil and envi-
ronmental data used. At Alamin–Omayed area with
90 m · 90 m map resolution the overall accuracy was
72.11% with Kappa Index = 0.64. At Nagamish–Matrouh
area with 28.8 m · 28.5 m map resolution the overall accu-
racy 73.56% was with Kappa Index = 0.62
5. Based on multinomial logistic regression analysis
(MOREG) that use conventional soil maps and available
environmental data, the present study was able to predict
the spatial distribution of the soil mapping units. The pre-
dicted digital soil maps at pixel resolutions of 90 m · 90 m
and 28.5 m · 28.5 m for the regional adherent areas at
Alamin and Matrouh were processed.
6. The developed methodology could contribute to the alloca-
tion and to the digital mapping and management of new
potential expansion sites in the remote desert areas of
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